Introduction
Radio Frequency Identification (RFID) technology is a type of automatic identification system. The purpose of an RFID system is to enable data to be transmitted by a portable device, called a tag, which is read by an RFID reader and processed according to the needs of a particular application. In recent years, an enormous amount of technical and commercial development of RFID has been demonstrated in many industrial applications, such as production, logistics, supply chain management and asset tracking [1] [2] [3] [4] . However, in many applications, the large-scale development and deployment of RFID systems has generated the RFID network planning (RNP) problem [5] . RNP is considered as the precautionary principle to assure the most suitable quality of service (QoS) and need to be solved in order to operate the large network of RFID readers in an optimal fashion. RNP is a complex optimization problem that has to meet many requirements of the RFID system. In general, the RNP problem aims to optimize a set of objectives, namely tag coverage, load balance, economic efficiency, and interference level between readers, by adjusting the control variables (e.g., the placement of the readers, the number of the readers, and the antenna parameters) of the RFID system. As a coordinate patterns, which are so common in natural bacterial communities, while lacking from the mentioned chemotaxis inspired algorithms. With the multi-colony cooperative approach, a suitable diversity in the whole bacterial community can be maintained. At the same time, the cell-to-cell communication mechanism significantly speeds up the bacterial community to converge to the global optimum. That is, MC-BFO can accommodate distributed bacterial optimization, and hence has a considerable potential for solving more complex problems. Here, we provide some initial insights into this potential by evaluating MC-BFO on the practical RNP problem. For comparison purposes, we also implemented one Evolutionary Algorithm, namely simple GA [15] , and one Swarm Intelligence Algorithm, namely PSO [16, 17] on RNP, respectively. The simulation results, which focusing on minimizing four specific objective functions of RNP, are reported in this paper to show the merits of the proposed algorithm.
The rest of the paper is organized as follows. Section 2 gives the formulation of the RNP problem. Section 3 gives brief reviews of the bacterial chemotaxis, cell-to-cell communication, and bacterial group behaviors in multi-colony bacterial communities. Section 4 describes the detail of the proposed MC-BFO Algorithm. In Section 5, the simulation results of MC-BFO, compared with GA and PSO, in solving the RNP problem are given. Finally, Section 6 outlines the conclusions.
RFID network planning problem formulation

The RFID system modeling
The key components of an RFID system are the tags and the RFID readers. The RFID tag is a low functionality microchip with an antenna. RFID tag is attached to the item to be tracked and stores the unique identification number of the item. The RFID readers communicate with the tags by reading/writing the information stored on them. The reader has a limit on its interrogation range, within which the tags can be read by the reader. The readers used here is mobile and the tags are passive. From a practical point of view, the geographical working area of the RFID network is considered as a flat square surface. Moreover, the area is discretized into a number of elements P Â Q. The chosen dimension of the elements gives a reasonable spatial resolution for description of the area.
In this paper, the problem concerns the variables of the positions (i.e., horizontal and vertical coordinates) and radiated powers of the RFID readers serving the working area. The proposed solution is based on the mathematical functions that must be optimized, considering the following principal requirements.
Coverage
The first objective function represents the level of coverage, which is most important in RFID system. In this case the input data represent the quality threshold R q = À10 dBm of each tag in each element. If the radio signal received at a tag is higher than this threshold, the communication between reader and tag can be established. Then the goal of the optimization for this function is to provide an optimum coverage to each tag in the working area (i.e., the received power of each tag 3R q ). The function is formulated as the sum of the difference between the desired power levels R q and the actual received power P r i j of each tag in each element:
where N i is the number of tags in the ith element. All the power levels in this function are expressed in dBm. Using this objective function the algorithm tries to locate the RFID readers close to the regions where the desired coverage level is higher, whereas the areas where a lower coverage is requested are taken into account by a proper increase of the radiated power.
Interference
Reader interference mainly occurs in a dense reader environment, where several readers try to interrogate tags at the same time in the same area. This results in an unacceptable level of misreads. The main feature of our approach is that the interference is not solved by traditional ways such as frequency assignment [18] and reader scheduling [19] , but in a more precautious way. That is, we consider the sum of the received signals at each element, except the best served signal by reader k, as the interfering source. It can be defined below:
where M is the number of readers, N k is the number of elements in the kth region (served by the kth reader) and P r ki j is the power received from the jth reader in the ith element in the kth region. The power level in this objective function is dBm. By changing the positions and radiated powers of readers, this objective function is in order to locate these readers far from each other to reduce interference levels.
Load balance
For various performance measures (e.g., energy efficiency), it is important to design effective load balancing schemes for distributing tags among readers as evenly as possible. That is, a network with a homogeneous distribution of reader cost can give a better performance than an unbalanced configuration [20] . This objective function is formulated as:
where M is the number of readers, N k is the number of elements in the kth region (served by the kth reader), N i is the number of tags in the ith element and C kij is the assigned tags number to reader k in the ith element in the kth region. This objective function is in order to balance the number of tags assigned to each reader. In each iteration of the optimization process, the number of elements N k served by kth reader changes as the function of the reader position and its radiate power. Therefore, the RFID network configuration can optimally redefine every iteration.
Economic efficiency
This aspect could be approached from various points of views. From our perspective, in order to meet the provider's requirements, the readers have to be positioned as closed as possible to the barycenter of the dense tags area. This objective can be reached by weighing the distances of each center of tag clusters from its best served reader. Here we employ K-means clustering algorithm to find the tag cluster. This objective function is formulated as:
where M is the number of readers, dist () is the distance between the kth reader and the kth center, R position k and Center k are the position of kth cluster center and its best served reader respectively. In this way, the optimization algorithm tries to reduce the distance from the readers to the elements with high traffic capacity.
Combined measure
In this paper, the overall optimal solution for RNP is represented by a linear combination of the four objective functions:
where f i is the objective function for the ith requirement normalized to its maximum value f imax . The normalization is necessary because these four objectives represent non-homogeneous quantities and are very different in values.
3. Chemotaxis, bacterial group behavior, multi-colony community and its cooperative hierarchical organization
Motile bacteria such as E. coli and salmonella propel themselves by rotation of the flagella. To move forward, the flagella rotates counterclockwise and the organism ''swims'' (or ''runs''), while a clockwise rotation of the flagellum causes the bacterium to randomly ''tumble'' itself in a new direction and swim again [21] . Alternation between ''swim'' and ''tumble'' enable the bacterium to search for nutrients in random directions. Swimming is more frequent as the bacterium approaches a nutrient gradient. Tumbling, hence direction changes, is more frequent as the bacterium moves away from some food to search for more. Basically, bacterial chemotaxis is a complex combination of swimming and tumbling that keeps bacteria in places of higher concentrations of nutrients. Chemotaxis can also be considered as the optimal foraging decision making capabilities of bacteria.
Recent studies of microorganisms have revealed that bacteria could also function as groups and the individuals within the group could respond to and benefit from the group as a whole [22] . Bacteria have developed intricate communication capabilities, such as quorum-sensing, chemotactic signaling, and plasmid exchange. Through these cell-to-cell communication strategies, bacteria can glean information from the environment and from other organisms, interpret such information into common knowledge and learn from past experience. For this reason, bacterial colonies display diverse complex social behaviors, including cooperation in foraging, building, reproducing, purposeful alteration of colony structure and decision-making. In such a perspective, the bacterial colony behaves much like a multi-cellular organism or a social community [23] .
Once an entire colony of bacteria developed as a multi-cellular being with its own identity, it can be a building block for even more complex organizations of multiple colony communities or societies, such as species-rich biofilms [24] . For instance, the sub-gingival plaque contains almost 20 genera of bacteria representing hundreds of different species, each with its own colony of $10 10 bacteria. The level of complexity of such a microbial system exceeds that of computer networks, electrical networks, transportation and all other man-made networks combined. To maintain social cooperation in such diverse societies, the bacteria also use cell-to-cell talk to exchange meaningful information for cooperation between colonies of different species. Each colony develops its own expertise in performing specific tasks for the benefit of the entire community and they all coordinate the work. That is, bacteria can form cooperative hierarchical organization via intra-and inter-species communication. Inspired by such phenomenon, we extend the single population bacterial foraging algorithm to the interacting multi-colony model by relating the chemotactic behavior of single bacterial cell to the cell-to-cell communication of bacterial community.
Multi-colony bacterial foraging optimization with cell-tocell communication
In this section, we describe a novel optimization algorithm based on bacterial community behaviors, namely the Multi-colony Bacterial Foraging Optimization (MC-BFO), which adopts not only the chemotaxis behavior but also bacterial communication mechanisms of the multi-colony bacterial community.
For optimization problems, the basic goals is to find the minimum of f(X), X2R n . In the MC-BFO model, we create an multiple colony bacterial community contains a colony set C = {C k jk = 1,2, . . ., N}, and each colony possessed a member set, which is represented as C k = {B ik ji = 1, 2, . . ., P k }, where B ik = hX ik ,w ik jX ik ,w ik 2R n i denotes an individual bacterium. Here N is the number of colonies in the community, P k is the population size of the kth colony, X ik is the position of the ith bacterium in the kth colony, and w ik is the heading angle of each bacterium according to its current direction.
Chemotaxis
In the MC-BFO Algorithm, at the tth iteration the bacterial chemotaxis behaves as follows:
(1) Tumble. Each bacterium takes a random walk with random direction:
where a is a random angle generated by Gaussian distribution with the mean 628 and the standard deviation 268 referring to the chemotaxis measurements of the E. coli by Berg and Brown [25] and the choice of a right or left direction as referring to the previous trajectory is determined using a uniform probability distribution, 
(2) Swim. Each bacterium takes a random walk with the same direction in the last step:
where f(Á) is the objective function, N s is the maximum step limit of the chemotactic swim step, and the initial value of s is 0 in each iteration t.
Cell-to-cell communication
In our work, we focus on the bacterial social intelligence for cooperative foraging. For examples, the colonies of E. coli and V. harveyi illustrate accumulation to the nutrient-rich area through cell-to-cell communication. That is, these bacteria can attract to each other by secretion of chemoattractants [26] . In MC-BFO, we model the multi-colony bacterial community as a two-level hierarchical network (illustrated in Fig. 1 ). The agents in the individual-level are analogous to individual bacterium in a specific bacterial colony and the agents in the species-level are analogous to a multi-cellular organism which is made up of a colony of individual bacteria. Here the nutrition information exchanges not only within each bacterial colony but also between these multicellular organisms. In each iteration t, this two-level cell-to-cell communication is formulated as follows:
where S t k is the best position found so far by the kth bacterial species (or colony), C 
In MC-BFO, each bacterium (i.e., the trial solution vector) first undergoes a computational chemotaxis. During this chemotactic process, the bacterium has a chance of self-improvement by exploiting the promising regions in its immediate vicinity. Before each movement step, it is ensured that this bacterium moves in the direction of increasing nutrient substance concentration, i.e., region with smaller objective function value. After this, the bacterium communicates information with other bacteria from not only its own colony but also other colonies in the community. With these intra-and inter-species communication mechanisms, the bacterium can jump out from local optima and quickly swim to the neighborhood of the probable global optimum. A balance between local search and global search is thus acquired. The pseudocode for the MC-BFO Algorithm is listed in Table 1 .
Computational experiments
Experimental setup
All algorithms are evaluated against an ideal square working area (30 m Â 30 m) with 100 tags, which is divided into 512 Â 512 elements (shown in Fig. 2) . Ten RFID readers, whose radiated power is adjustable in the range from 0 to 33 dBm, are considered to serve this working area. The real number solution representation is used in all the algorithms for solving the RNP problem. When ten RFID readers are employed to serve the whole working area, the RNP problem can be considered as a continuous optimization problem with 30 dimensions. Then each solution vector (i.e., the individual bacterium) is characterized by 30 genes, 10 + 10 genes for (x, y) coordinates of reader positions, and 10 genes for radiated powers of each reader.
The performance of MC-BFO on RNP problem has been compared with a real-code GA and the standard PSO. The initialized population size of 100 individuals is same for MC-BFO, GA, and PSO. However, the whole population is divided into 10 colonies each possesses 10 individual bacterium for MC-BFO in the initialization step.
For PSO, the inertia weight v start at 0.9 and end at 0.4 and a setting of c 1 = c 2 = 2.0 is adopted following the recommendation from [27] . In GA, the parameters of crossover probability P c = 0.4 and the mutation probability P m = 0.1 is used and all the control parameters were set to be default of [28] . For MC-BFO, the maximum length limit c 1 of the bacterial tumble and run is set at 0.1; the maximum step limit N s of the chemotactic swim is set at 4; the learning rate c 2 = 1.5 and c 3 = 2. The maximum generation number of each algorithm on each objective function is set to be 1000.
Experimental results and analysis
The representative results obtained are presented in Table 2 , including the best, worst, mean and standard deviation of the Fig. 1 . Hierarchical organization of the multi-colony bacterial community.
Table 1
Pseudocode for the MC-BFO Algorithm.
Set t = 0; INITIALIZE. Randomize positions and heading angles of n Â m bacteria in search space. Randomly divide the whole population into n colonies each possesses m bacteria; WHILE (the termination conditions are not met) FOR (each colony k) FOR (each bacterium i of colony k) Tumble using equations (6) and (7); Swim using equation (9); Self-attract to the chemoattraction emanating from its colony members in nutrient rich areas, according to the second term in equation (10); END FOR Cooperate between colonies of different species according to the third term in equation (10); END FOR Set t = t + 1; END WHILE Fig. 2 . The ideal square working area. function values found in 30 runs. We accommodated a visual perspective of the RFID network optimization processes. Figs. 3-7 present the evolution process and the final network planning results found by all algorithms according to the reported results in Table 2 .
Firstly, MC-BFO is tested on four RNP objective functions (Eqs. (1)- (4)) separately. Each result is an optimal solution for a single objective that does not take accounts of the others. In this way, it is possible to obtain the optimal solution when the network planning needs to care one system requirement only. Fig. 3 illustrates the result obtained when only the optimal tag coverage objective is considered. Fig. 3(a) shows the search progress of average fitness values found by MC-BFO, PSO, and GA over 30 runs. The corresponding location of the RFID readers optimized by each algorithm is shown in Fig. 3(b)-(d) respectively, which also reports the received power levels according to the path loss. In this case, the algorithms increase radiated powers and concentrate the position of readers in the regions of working area where higher tag coverage is required.
From Fig. 3(a) , MC-BFO converged greatly faster to significantly better results than the other two algorithms. From the comparative result in Fig. 3(b)-(d) , we can see obviously that MC-BFO obtains significantly better tag coverage rate than GA and PSO. The search performance of the algorithms tested here is ordered as MC-BFO > GA > PSO. Fig. 4 illustrates the result obtained by all algorithms when only the interference level is minimized. Fig. 4(a) shows the convergence progress of all tested algorithms for objective function f 2 over 30 runs. The corresponding location and radiated power of these RFID readers optimized by each algorithm is shown in Fig. 4(b) -(d) respectively, which also reports the received power levels. In this case, the algorithms try to provide sufficient limited distances between RFID readers, and also take care of coverage. From Fig. 4 , it is clear to see that the MC-BFO Algorithm markedly outperformed the other two algorithms. The search performance of the algorithms tested here is ordered as MC-BFO > GA > PSO. Fig. 5 illustrates the result obtained when only the network load balance is considered. In this case, the algorithms configure the RFID reader network in a load balance scheme so that each reader in the network serves the optimal amount of tags according to its own capability. From Fig. 5 , we can observe that for the tested objective function 3, the MC-BFO Algorithm obtain the superior results. The search performance of the algorithms is ordered as MC-BFO > PSO > GA. 6 illustrates the result obtained when the economic efficiency is optimized. In this case, the algorithms locate the readers close to the barycenter of the high traffic areas. From Fig. 6 , we can observe that for the tested objective function 3, the MC-BFO Algorithm also obtain the superior results. The search performance of the algorithms is ordered as MC-BFO > GA > PSO. Fig. 7 reports the optimized results for the combined measure function obtained by all algorithms when all the requirements are considered. Here the fitness of each objective function is normalized to its maximum value, and the weight values of each objective function is set as w 1 ¼ 0:3; w 2 ¼ 0:2; w 3 ¼ 0:2; w 4 ¼ 0:4. It should be noted that w 1 $ w 4 can be flexibly varied to account for any specific situations and system requirements. We can observe from Fig. 7 that MC-BFO still finds the superior result which is reasonably compromised between each requirement.
Since the time spent on each generation is different from one algorithm to another, the iterations taken by various algorithms do not mean the actual time they spent. In order to straightforwardly evaluate the algorithmic time response, we presented in Fig. 8 the computing times (average in 30 runs) of all algorithms on each objective function respectively. Results in Fig. 8 were obtained on a desktop computer with 1.5G DRM and 1.8 GHz CPU. From Fig. 8 , we can observe that the computing time of MC-BFO was the most among three algorithms. Although the computing time spent on a run of optimization procedure for GA and PSO was less than that for MC-BFO, MC-BFO took smaller iterations to achieve more robust and precise solutions. Therefore, the absolute time required for a run of MC-BFO can be saved by reducing the maximum iterations.
We should note that when the optimization algorithm evolves to optimize a particular objective function, the other objective functions' values will also change though they do not affect directly the optimization procedure. For this reason, we also illustrate in Fig. 9 (all the function fitness is also normalized) the side effect on other system requirements when the networking planning takes only one objective into account. This can be used as a reference for the deployment of RFID systems. 
Conclusions
In this paper, we develop an optimization model for planning the positions of readers in the RFID network. We consider the RFID network planning (RNP) problem as a multi-objective optimization problem, where coverage, interference, economic efficiency and network load balance are particularly considered as the primary requirements of the RFID system. Four objective functions are defined according to these four system requirements and the combined measure is also given so that the multiple objectives are optimized simultaneously; any other objectives can be added to this model according to other system requirements without affecting the general philosophy of this model.
The proposed optimization algorithm-MC-BFO, which integrated the cell-to-cell communication strategies of multi-colony community with the bacterial chemotaxis behavior, leads to the distributed bacterial optimization and has considerable potential for solving more complex problems. We provide some initial insight into this potential by evaluated MC-BFO on the practical RNP problem in comparison with PSO and GA. The simulation studies show that the MC-BFO obtains superior solutions for RNP problem than both PSO and GA in terms of optimization accuracy and computation robustness. Moreover, it remains to be see how practically useful that the MC-BFO is for engineering optimization problems. These depend on extensive evaluation on many benchmark functions and real-world problems. He has research interests in various aspects of enterprise information management but he has ongoing interests in RFID technology, artificial intelligence, machine learning, and related areas. His research has led to a dozen professional publications in these areas.
